The ensemble Kalman Filter technique (EnKF) has been reported to be very efficient for real-time updating of reservoir models to match the most current production data. Using EnKF, an ensemble of reservoir models assimilating the most current observations of production data are always available. Thus the estimations of reservoir model parameters, and their associated uncertainty, as well as the forecasts are always upto-date.
Introduction
The reliability of reservoir models increases as more data are included in their construction. Traditionally, static (hard and soft) data, such as geological, geophysical, and well log/core data are incorporated into reservoir geological models through conditional geostatistical simulation 1 . Dynamic production data, such as historical measurements of reservoir production, account for the majority of reservoir data collected during the production phase. These data are directly related to the recovery process and to the response variables that form the basis for reservoir management decisions. Incorporation of dynamic data is typically done through a history matching process.
Traditionally, history matching adjusts model variables (e.g., permeability, porosity, and transmissibility, etc.) so that the flow simulation results using the adjusted parameters match the observations. It requires repeated flow simulations. Both manual and (semi)automatic history matching processes are available in the industry [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . Automatic history matching is usually formulated in the form of a minimization problem in which the mismatch between measurements and computed values is minimized [13] [14] . Gradient-based methods are widely employed for such minimization problems, which require the computation of sensitivity coefficients [15] [16] . In the recent decade, automatic history matching has been a very active research area with significant progress reported 17 . However, most approaches are either limited to small and simple reservoir models or are computationally very intensive. Under the framework of traditional history matching, the assessment of uncertainty is usually through a repeated history matching process with different initial models, which makes the process even more CPU demanding. In addition, the traditional history matching methods are not designed in such a fashion that allows for continuous model updating. When new production data are available and are required to be incorporated, the history matching process has to be repeated using all measured data. These limit the efficiency and applicability of the traditional automatic history matching techniques.
On the other hand, during recent years, more and more permanent sensors are being deployed for monitoring pressure, temperature, or flow rates. The data output frequency in this case is very high. It has become important to incorporate the data as soon as they are available so that the reservoir model is always up-to-date. Traditional history matching is not suitable for such a purpose because of the heavy computational burden and the high data sampling frequency. A new kind of history matching method that can use all recorded data for fast and continuous model updating is needed.
The Kalman filter was originally developed to continuously update the states of linear systems to account for available measurements. When the system is non-linear, the SPE 92991
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Xian-Huan Wen, SPE and Wen. H. Chen, SPE, ChevronTexaco Energy Technology Company extended Kalman filter was proposed to linearize the nonlinear system. For very large models or highly non-linear systems, the extended Kalman filter fails. The ensemble Kalman filter (EnKF) was then introduced to overcome some of the problems of the extended Kalman filter 18 . Particularly, instead of evaluating the necessary statistics (e.g., correlation between model parameters and responses) based on linear assumptions, EnKF uses an ensemble of model representations from which all necessary statistics can be directly computed. Base on this, EnKF is a Monte-Carlo approach. The EnKF has been widely used in the areas of weather forecasting, oceanography and hydrology [19] [20] [21] [22] . In these applications, only dynamic variables are tuned. It has recently been introduced in the Petroleum industry for continuous updating of reservoir models where both static and dynamic variables are simultaneously tuned to assimilate new measurements. Naevdal et al. 23 used the ensemble Kalman filter to update static parameters in near-well reservoir models by tuning the permeability field. This approach was later further developed to update 2-D three-phase reservoir models by continuously adjusting both the permeability field and saturation and pressure fields at each assimilation step 24 . Assimilation happened at least once a month and also when new wells started to produce or wells were shut in. Gu and Oliver [25] [26] used the ensemble Kalman filter to update porosity and permeability fields, as well as the saturation and pressure fields, then applied it to match 3-phase production data at wells from the 3-D PUNQ-S3 reservoir model. Furthermore, Brouwer et al. 27 used the combination of EnKF for continuous model updating with an automated adjoint-based water flood optimization to optimize water flooding strategy. Results from the previous studies have shown that the EnKF is very efficient and robust. However, they all indicated that the estimate of the permeability field got worse at late time, which is often referred to as "filter divergence" 28 .
In this paper, we present a modified version of the EnKF for continuously updating an ensemble of permeability models to match real-time multiphase production data. We improve the previously reported EnKF by adding an option of running reservoir simulation after updating using the most recent updated static model parameters so that the updated static parameters and dynamic parameters are always consistent. We also investigate some of the important issues for the EnKF including the number of realizations in the ensemble, and the sensitivity of covariance model. The outline of this paper is as follows. We first briefly describe the methodology of the EnKF and the implementation in connection with a reservoir simulator. Then we present a 2-D synthetic example of using the EnKF to continuously update the permeability model assimilating realtime observations of multiphase production data at wells. Next, we discuss some of the important issues, followed by the summary and conclusions.
Ensemble Kalman Filter
The EnKF consists of three processes for each time step: forecast based on current state variables (i.e. solve flow equations with current static and dynamic parameters), data assimilation (computation of Kalman gain), and updating of state variables. The evolution of dynamic variables is dictated by the flow equations.
State variables include three types of parameters: static parameters (e.g., permeability and porosity fields that are traditionally called static because they do not vary with time. However, in the EnKF approach, static parameters are updated with time and thus can change with time. We use this notion for the convenience of traditional concepts), dynamic parameters (e.g., pressure and phase saturations of entire model that are usually solutions of the flow equations), and production data (e.g., well production rate, bottom-hole pressure, water cut, etc. that are usually measured at wells). The ensemble of state variables is modeled by multiple realizations. Thus, we have at each cell (with dimension of 2N), and d includes bottomhole pressure, oil production rate and water production rate at wells with dimension of N d,k . The dimension of state vector is N y,k . which can change with time t k to account for different amount of production data at different time. The step-by-step process of a typical EnKF is described as follows (see Fig. 1 ).
• The filter is initialized by generating initial ensembles of static and dynamic vectors. There is no production data available at the starting time (t 0 ). In this paper, we use geostatistical method to generate multiple (200) realizations of the permeability field with given statistical parameters (histogram and variogram) to represent the initial uncertainty in the permeability model before any production data are available. Initial dynamic variables (i.e., initial pressure and saturations) are assumed known without uncertainty. Thus they are the same for each realization. If, however, initial variables are also uncertain, they should be represented by ensembles.
• The forecast step calls a reservoir simulator for each of the realizations until the next point in time where new measurements of production data are available and to be assimilated (e.g., t 1 ). • With k K and production data at the assimilating time step ( k d ), the state vector is then updated as:
Note that random perturbations are added to the observed production data ( k d ) to create an ensemble of production data set with Burgers et al. 29 shown that the variability among the updated ensemble members is too small if no random noise is added to the production data. Eq. (4) has apparent physical meaning: the second part of the second term on the right hand side is the difference of simulated and observed production data; the larger this difference, the larger update will be applied to the initial state vector. If the simulated production data at a given realization is equal to the observed data, no update will need to this model. The covariance matrix after updating can be computed as: ( 5 ) With this updating, the state vector of each realization in the ensemble is considered to reflect the most current production data ( k d ) and we can proceed to the next time step where new production data are available for assimilation. The state variables are advanced in time as:
where F is the reservoir simulator. In this paper, we use our in-house reservoir simulator. From Eqs. (4) and (5), we can see that the updating of the ensemble is linear and there is an underlying assumption that the model error and production data error are independent. Also, both model and production data errors are uncorrelated in time.
The overall work-flow of EnKF is shown in Fig. 1 following the solid arrows. We can see that production data are incorporated into reservoir models sequentially in time as they become available and the ensemble of reservoir models are evolving with time representing the assimilation of measurements at the given time. When new measurements of production data are acquired, we simply forward simulate the flow using the most current state vector to the time at which new production data are collected and perform the above analysis to update the state vector in order to reflect the new data. Each assimilation represents some degree of increment of quality to the estimation of reservoir model. The degree of this increment depends on how much information the new measured data is carrying. Thus, there is no need to start the process all over again from the original starting time in order to incorporate the new acquired data, whereas, in traditional history matching, static parameters are treated as static (not varying with time) and all production data are matched simultaneously using one set of static parameters. When there are new measurements needed to be matched, the entire history matching has to be repeated using all data. The advantage of using EnKF is obvious, especially, when the frequency of data is fairly high as, for example, the data from permanent sensors.
The EnKF can be built upon any reservoir simulator because it just requires the outputs of the simulator. The simulator acts as a black box in the process of EnKF. Thus the coding of the EnKF is significantly simpler than traditional gradient-based history matching methods where complicated coding of sensitivity calculations is required for different simulators and access to the source code of the simulator is needed 15 . Another advantage of EnKF is that it provides an ensemble of N e reservoir models all of which match up-to-date production data with the computer time of approximately N e flow simulations (the CPU time for data assimilation is very small compared to the flow simulation). This is well-suited for uncertainty analysis when multiple reservoir models are needed. With traditional history matching, however, we need to repeat the CPU intensive history matching process with different initial models to create multiple models, which is very infeasible. Furthermore, the EnKF is well-suited for 1 , , , ) (
parallel computation since the time evolution of ensemble reservoir models are completely independent.
However, one potential problem arises by using the EnKF to simply update dynamic variables as in Eq. (4) without the constraint of the flow equations: the updated dynamic variables m d (e.g., pressure and saturations) may not be physically meaningful and may be inconsistent with the updated static variables m s (e.g., permeability) of the same time. This is due to the fact that Kalman updating is linear, whereas the flow equations are non-linear. Some methods have been proposed to remedy this 25 , but they are not very effective. In this paper, we propose to add an additional component to the EnKF called "confirming" to ensure that the updated dynamic and static variables are always consistent. The idea is the following (follow the thick solid arrows and dotted arrows in Fig. 1 ): start from t 0 , forecast to the next time (t 1 ), then compute Kalman gain and update state variables as in the previously described process (i.e., follow the thick solid arrows), then take only the newly updated static parameters m s (i.e., permeability) and run the flow simulation from only the current t 0 to the next time t 1 again (i.e., the confirming step, follow the dotted arrows in Fig. 1 ). The newly flow simulated dynamic vector m d replace the Kalman filter updated dynamic vector and are used as the starting/initial vector for the next assimilation step. By doing so, we ensure that the updated static and dynamic parameters are always consistent with the flow equations. The cost is a doubling of the CPU time compared to the no-conforming EnKF. We will show later that production data are better matched by using this additional confirming step. Also it is possible to iterate the confirming step to check the matching of production data.
In the next section, we will demonstrate the ability and efficiency of the proposed EnKF for continuously updating reservoir models using a 2-D synthetic example. The main features of this reference field are: (1) a high permeability zone and a low permeability zone in the middle of the field, (2) high interconnectivity between well I and well P1, (3) low interconnectivity between well I and wells P3 and P4. This reference field is considered as the true model, and our goal is to reconstruct reservoir models, based on real-time production data, which are as close to the true field as possible.
Example
The reservoir is initially saturated with oil with constant initial pressure of 6000 psi at the top. The injection well has constant injection rate of 700 STB/day with a maximum bottom-hole pressure (BHP) control of 10000 psi. All producers are producing a constant total volume of 200 STB/day with minimum BHP control of 4000 psi. The mobility ratio of water and oil is 10 and standard quadratic relative permeability curves are used with zero residual saturation for oil and water. Compressibility and capillary pressure are ignored. Flow simulation is run to 720 days and results of BHP of each well, as well as oil production rates (OPR) and water production rates (WPR) at producing wells are shown in Figs. 2b-d . Note the fast water breakthrough and high water production rates at well P1, whereas for P3, water breakthrough is very late with small WPR and the BHP of this well drops to minimum control right after production, due to the low permeability around this well as well as low connectivity between this well and the injector.
The reference permeability field, as well as the simulated dynamic data (BHP, OPR and WPR) are considered as truth and we assume the measurements of BHP, OPR and WPR at wells are available every 30 days up to 300 days and they are directly read from the true data. The standard deviations of measurement errors are 3 psi, 1 STB, and 2 STB for BHP, OPR and WPR, respectively. Gaussian random errors are added to the perfect true production data to create a noisy data set. A perturbation vector with the same variances as measurement errors is then added to the noisy data to create an ensemble of production data 26, 29 .
An initial ensemble of permeability models are generated using the Sequential Gaussian Simulation method with the same histogram and variogram as the reference field. We assume that there is no hard permeability available, thus all initial models are unconditional. Conditional simulation can be used when there are hard and/or soft data of permeability and they can be preserved during the EnKF updating. Other parameters (porosity = 0.2, relative permeability curves, initial pressure = 6000 psi, and initial water saturations = 0.0) are assumed known without uncertainty. Note that if the initial parameters or boundary conditions of a reservoir are uncertain, this can also be accounted for by using an ensemble of representations as well. This will be discussed in a future paper.
The ensemble of 200 initial permeability models are input for the EnKF and are updated at every 30 days assimilating the observed production data (BHP, OPR, and WPR) at the given times. Fig. 3 shows the mean/averaged permeability fields (i.e., the estimation) and the associated variance fields (uncertainty) computed from the ensemble at 0, 30, 60, and 300 days, respectively. The variance field is the same as the diagonal terms in the updated covariance matrix from Eq. (5). The confirming step is used during the EnKF updating.
Compared to the true model (Fig. 2a) , we can see that: (1) at the starting time when there is no production data available, the averaged model and its variance field are featureless with constant values close to the mean and variance of the input histogram (first row of Fig. 3) ; (2) at the first assimilation step (30 days), most spatial variation features in the reference model are captured by the averaged model with reduced uncertainty around the wells and between well areas (second row of Fig. 3) ; (3) as time proceeds and more production data are assimilated, improved averaged permeability models are obtained with further reduced uncertainty (third and forth rows of Fig. 3) ; (4) at the later time, the averaged permeability fields and variance fields become closer and closer between the different assimilation steps (e.g., at 120 and 300 days) indicating that the production data at the later time carry less and less useful information on the reservoir heterogeneity compared to the early time data. This indicates the importance of assimilating early time production data for fast recognition of important reservoir heterogeneity. Any production data that capture significant flow behavior changes in reservoir (such as adding new wells, well shut-in, or conversion of a producing well to an injection well, etc.) should be assimilated as early as possible.
As mentioned before, by using the EnKF, an ensemble of reservoir models that are consistent with the up-to-date production data are available for predictions of future performance. This provides the possibility of assessing uncertainty in the forecasts. Fig. 4 shows predictions of production data at some selected wells using the reservoir models updated at different time (0, 30, 60, 120, and 300 days). Only results from the first 10 models are shown. Flow simulations are run from the starting time until 720 days for each case. It is obvious that at the starting time, when no production data are available, the well performance predicted by the initial models are neither accurate (deviated largely from the true results) nor precise (with large uncertainty). As more and more production data are available and assimilated at later time, the predictions become more and more accurate (close to the true results) and precise (less spreading among realizations), particularly, for BHP at P1 and WPR at P3.
Alternatively, predictions can be performed on a single averaged model (considered as the best estimation) if there is no need to estimate the uncertainty for the predictions. Fig. 5 shows predictions of well performance at selected wells using the mean/averaged updated models at different times (0, 30, 60, 120, and 300 days). We can see that, by using the averaged models assimilating only early time production data (e.g., 0, 30, and 60 days), the predicted well performances, although improved, still significantly deviate from the true answers (particularly for BHP) indicating that assimilating production data up to 60 days is not sufficient to capture the spatial heterogeneity features in the reference model that are important to the underlying flow/well pattern. However, when the production data at 300 days are assimilated, the updated averaged model provides predictions that are very close to the reference results. This indicates that the quality of updated reservoir model is improved gradually with time as more production data are assimilated. Although the changes to the permeability models are small at late time, a certain amount of useful information is still captured. Fig. 6 shows the evolution of a single realization at different times. The associated well performance predictions are presented in Fig. 7 . We can see that, initially, the permeability values in the area between wells I and P3 are too high compared to the true model, whereas in the area between wells I and P2, permeabilities are too low. The well performances predicted by this model are significantly different from the true answers. At 30 days, when first available production data are assimilated, the updated model displays the spatial heterogeneity features that are significantly closer to the reference model than the initial model. However, the well performances predicted by this model are still considerably different from the true results, particularly for BHP at P4 and WPR at P3 (Fig. 7) . At later time when more and more production data are assimilated, well performances predicted by the updated model are closer and closer to the true results indicating more and more heterogeneity features in the reference field are revealed by the production data and the successive assimilation of useful information carried by the production data into the reservoir model by the EnKF.
Discussions
In this section, we investigate some important issues in the EnKF including the number of realizations in the ensemble, covariance function, and the importance of using the confirming step as discussed previously. [24] [25] [26] . In order to investigate how many realizations are needed in the EnKF to reliably represent the uncertainty of the model, as well as the uncertainty in predictions, we perform the EnKF with the same data set as in the previous section using 50, 100, 200 and 400 realizations in the ensemble. Fig. 8 shows the mean (average) and variance fields of permeability updated at 120 days using different number of realizations. Clearly, with small ensemble size (50 and 100), the uncertainty is underestimated, although the averaged model can sufficiently represent important spatial features in the reference field. Using 200 realizations seems adequate to represent the uncertainty in the permeability model.
Size of Ensemble. Previous studies used a small number of realizations (varying from 40 to 100) in the EnKF
We also perform flow simulation on each of the realizations updated by using different ensemble sizes. Fig. 9 shows the BHP at P1 computed from 50 realizations updated at 300 days by using different ensemble sizes. They all can closely match the production data. But the spreading of well performances among realizations is smaller when smaller ensemble size is used. More importantly, the prediction range at late time does not cover the true results when only 50 or 100 realizations are used in the ensemble, indicating bias in the results (Figs. 9a and b) . When larger ensemble sizes are used, the prediction results are not biased (Figs. 9c and d) . Thus, we can conclude that a relatively large ensemble size is required in order to adequately represent the uncertainty of model parameters. If, however, the prime goal of the EnKF is to create reservoir models that match the up-to-date production data only, with less emphasis on the accurate representation of uncertainty, the use of small ensemble size may be justified. Liu and Oliver 30 investigated the use of multiple sets of EnKF updating each of which used small ensemble size (40). They found that the predictions of well performances from the different sets of models could vary significantly with different degree of accuracy and uncertainty. This also indicates the insufficient number of realizations in the ensemble. Another observation is that the "filter divergence" happens earlier when smaller ensemble size is used.
Covariance Function. In many practices, we usually do not have access to the accurate covariance function of the model parameter errors. To investigate the sensitivity of using different covariance model on the EnKF results, we generated the initial ensemble permeability models using an isotropic variogram with correlation length of 100 feet (note that the variogram for the reference field is anisotropic with correlation lengths of 200 feet and 40 feet in the directions of 45 degree and 135 degree, respectively). The evolution of averaged permeability models and the associated variance fields from 200 realizations at different assimilation time (30, 60, 120 , and 300 days) are shown in Fig. 10 . Visually, the averaged model seems to have different spatial patterns from the results shown in Fig. 3 , which is expected because different variogram models are used. Nevertheless, results from both figures closely reproduce the most features in the reference field that are important for flow (e.g., high permeability between I and P1, and low permeability between I and P4, etc.). The uncertainty is also reduced by the similar degree with the similar fashion compared to Fig. 3 . The flow prediction results are also very similar to those shown in Fig. 4 where an accurate variogram model is used. This demonstrates that the covariance model is not critically important in the EnKF in order to capture the important spatial variation features. As long as these features are reflected in the production data, they can be revealed in the updated model eventually.
Confirming vs. No-confirming.
We next investigated improvement of the updated results by using the additional confirming step. Fig. 11 presents the comparisons of pressure and water saturation fields at 30 days for a given realization by using confirming and no-confirming updating. The first row shows the reference permeability (i.e., m s ) and the corresponding pressure and water saturation fields (i.e., m d ). The second row presents the initial permeability and its associated pressure and water saturation field before assimilating any production data. Notice the apparent differences of this model and its dynamic responses from the reference field. The third row shows the updated permeability model, as well as the updated pressure and water saturation fields based on the Kalman gain using the production data at 30 days (i.e., Eqs. (2) and (4)). We can see that, compared to the initial results, the updated results (both m s and m d ) are closer to the true results with still considerable difference. But the updated permeability, pressure and water saturation results are not consistent with the flow equations. The fourth row shows the recomputed pressure and water saturation fields using the Kalman filter updated permeability model (i.e., Fig.  11g ), i.e., they have been confirmed to the updated permeability model. It can be clearly seen that the confirmed pressure and water saturation fields are much closer to the reference results compared to the Kalman filter updated results (third row). More importantly, all static and dynamic variables are now consistent and constrained to the flow equations. Fig. 12 shows the same comparisons as in Fig. 11 , but at 120 days. Again, the first row is the reference model with the pressure and water saturation fields at 120 days. The second row shows the initial permeability model (i.e., at the previous assimilating time of 90 days), as well as the resulting dynamic data (pressure and water saturation) simulated based on the initial permeability model. Compared to the previous figure, we can see that the differences between the dynamic data and the reference results are much smaller for this case because this initial permeability model has already assimilated production data observed at the three previous time steps (at 30, 60, and 90 days) and is already quite close to the reference model (compare Figs. 12a and d) . By assimilating production data at 120 days, these variables are then updated and shown in the third row of Fig. 12 . Note that the changes applied to the permeability and water saturation are very small compared to their original values shown in the second row, whereas, large changes occur for the pressure with the updated pressure values significantly underestimating the reference results. This demonstrates the clear inconsistency between updated permeability (m s ) and updated pressure (m d ). Through the confirming run of flow simulation using the updated permeability model, the resulting pressure and water saturation are given in the last row of Fig. 12 . The confirming pressure and water saturation are now consistent with the updated permeability model, and they are closer to the reference results compared to the initial and Kalman filter updated results (particularly for pressure). They now replace the Kalman filter updated dynamic data (shown in the third row) and will be used as initial state variables for the next assimilating step.
Finally, we present the predictions of well performance using the permeability models updated by confirming or noconfirming EnKF. Most models updated by both confirming and no-confirming EnKF provide similar predictions, with a small number of exceptions. Fig. 13 shows one realization of the permeability model updated at 120 days using the confirming (Fig. 13a) and the no-confirming (Fig. 13b ) EnKF. Although they look very close, the difference is clearly shown in Fig. 13c (confirming values -no-confirming values) . The predictions of BHP at well P1 using the different permeability models are plotted in Fig. 13c . The permeability model updated by the no-confirming EnKF yield the BHP prediction that is dramatically larger than the true result, while the model updated by the confirmed EnKF predicts the BHP very close to the true result. This clearly demonstrates the advantages of using confirming EnKF.
Our investigation also indicates that the differences between the Kalman filter updated dynamic data and the confirming dynamic data become smaller and smaller at the late time when the production data carry less and less new and valuable information on reservoir heterogeneity. Thus, we can switch the EnKF back to the no-confirming option to save some computation time. Whenever new wells are added, or with significant well condition changes (e.g., shut-in or conversion of producer to injector, etc.), we switch back to the confirming option.
Adding New Wells During Assimilation. Results presented so far in this paper are obtained using the same wells with the same production controls. Our results show that the value of production data is diminishing with time when sufficient amount of useful information carried by the same type of production data from the same wells is assimilated. This is reflected by the small changes applied to the state vector at late assimilation steps with stable predictions. In actual practice, new wells are usually drilled and added to the production during the production phase, or well conditions are frequently varying, which may cause significant flow behavior changes in the reservoir. The new production data that capture such changes carry new information on the underlying reservoir heterogeneity that the previous data may not carry. Assimilating the new production data can further improve the estimation quality of reservoir model with further reduction of uncertainty.
Besides the production data from the 5 wells used in the previous results, we now assume that 4 more production wells are drilled at 120 days and start production at constant total volume rate of 100 STB/day with minimum BHP control of 4000 psi. Also the injection rate at the injector is increased to 900 STB/day. Production data at all wells are measured at every 30 days and they are assimilated to the reservoir models with EnKF. Fig. 14 shows the evolution of average and variance fields from 200 realizations updated at different time (120, 150, 180, and 600 days, respectively). Note that before 120 days, new wells are not added and results are the same as in Fig. 3 . When the production data at new wells are assimilated, new features of heterogeneity in the reference field are revealed with further reduction of uncertainty at new well locations, as well as at the between well areas.
Figs. 15 and 16 show the matching of well performance of 10 realizations updated at 600 days using production data of the original 5 well only or 9 wells (5 wells with data from 0 to 300 days and 4 additional wells with data from 120 to 300 days). We can see that production data at the new wells are not well matched when their data are not assimilated (Fig. 15) . This indicates that some heterogeneity features impacting flow behavior at new wells are not captured when their production data are not assimilated. All realizations can closely reproduce the production data at all wells when all production data at all wells are incorporated (Fig. 16 ).
Summary and Conclusions
The ensemble Kalman filter has been implemented with our in-house reservoir simulator to continuously update an ensemble of reservoir models assimilating real-time production data. A confirming option is added to ensure the updated static and dynamic variables are always consistent. This avoids the possible nonphysical values for the updated dynamic data. A 2-D synthetic example is used to illustrate the application of the newly developed EnKF methodology to update permeability models assimilating successively realtime multi-phase production data. Sensitivities of using different ensemble sizes and different covariance models are investigated. The advantages of using confirming EnKF are also discussed. The following conclusions can be drawn from this study:
• The EnKF is very efficient and robust for real-time updating of reservoir models to confirm the newly collected production data. The total CPU time for creating N e realizations of reservoir models that match the latest production data is about the cost of running N e reservoir simulations.
• An ensemble of reservoir models that are consistent with the up-to-date production data are always available for predictions of future performance with assessment of uncertainty.
• A relatively large ensemble size is required in order to accurately estimate the uncertainty of model parameters. If, however, the goal of EnKF is to create reservoir models that match the up-to-date production data only, with less emphasis on the accurate representation of uncertainty, the use of small ensemble size may be justified. • The covariance model used in the EnKF is not critically important in order to capture the important spatial variation features. As long as these features are reflected in the production data, they can be revealed in the updated models eventually.
• The use of confirming EnKF ensures the updated static and dynamic variables are always consistent, avoiding the possible nonphysical values for the updated dynamic data. The production data are better matched for some cases using the confirming EnKF.
• In general, by assimilating more production data, new features of heterogeneity in the reservoir model can be revealed with reduced uncertainty, resulting in more accurate predictions. However, if the available production data are the same type of data and from the same wells for a long time, the value of production data is diminishing with time resulting in less and less updating at the later time. : Production data at selected wells simulated using updated realizations at 600 days when assimilating the production data at all 9 wells (P1-P8 and I). Results from the reference model are in red.
